While most performance measurement systems use multiple measures, research on target revision in multi-measure systems is rare. Examining the target-setting practice in such a system, we hypothesize that the performance variances in common and unique measures are differentially informative of an agent's effort level and this, in turn, affects a principal's decision on the degree of commitment to incomplete incorporation of past performance information into new targets. We analyze proprietary data on the performance evaluation of strategic unit managers in a Korean conglomerate to report (1) intertemporal serial correlations of target achievement in both types of measures and (2) partial (full) target difficulty revision in common (unique) measures. With the findings from outside an experimental setting, we contribute to the accounting literature on a common measures bias as well as on target ratcheting.
Introduction
In this paper, we examine a firm's target revision practice 1 in a multi-measure performance evaluation system. Setting a challenging but achievable target without losing motivational effects is essential for a successful management control system (Merchant et al. 2012 ). For such an efficient target, firms may rely partly or entirely on an agent's past performance (Milgrom and Roberts 1992) that is often measured and evaluated with more than a single measure (e.g., Bain & Company 2015; Holmström 1979; Kaplan and Norton 1992) . Nevertheless, the theory and evidence of target-setting practice under multiple-measure settings are lacking. To fill the void, we develop our predictions based on two streams of literature-performance measure properties (e.g., Gibbs et al. 2009; Lipe and Salterio 2000) and target ratcheting (e.g., Indjejikian, Matějka, Merchant, et al. 2014; Indjejikian, Matějka, and Schloetzer 2014) Target revision refers to a target setting practice by which targets are set as an incremental of those in the previous period based on the principal's evaluation of an agent's performance. It should be distinguished from target adjustment made in order to correct a substantial error in forecasts or to adjust for unexpected and uncontrollable shocks during or at the end of the same performance period. effort exertion in the two types are used differently in target revision. Specifically, our results show that a positive performance variance in common measures is appreciated and renders the principal's commitment to partial ratcheting that allows part of the previous positive variance to continue in the subsequent period, while that in unique measures is disregarded and leads to near-full target ratcheting, eliminating most, if not the entire part, of the previous favorable variance. Interestingly, the stylized target revision pattern exists only within a certain performance interval, specifically within ±20% relative to targets, where approximately 70% of observations populate and that generally conforms to our common-sensible criterion for a normal performance.
With the novel findings about the differential use of measures of different properties in a performance evaluation and target setting context, this study contributes to the literature on performance measure properties (e.g., Gibbs et al. 2009; Lipe and Salterio 2000) and target ratcheting (e.g., Aranda et al. 2014; Indjejikian and Nanda 2002) in several ways. First, our access to a unique dataset allows us a direct and comprehensive look at a firm's target revision practice. The dataset contains the targets and actual performance for the complete set of performance measures that are included in the firm's annual bonus plan for its strategic business unit managers. Without such data, prior studies in this area instead depend on inferred performance (e.g., bonus payout in Indjejikian and Nanda, 2002) or survey responses (Indjejikian, Matějka, Merchant, et al. 2014; Indjejikian and Matějka 2006; Mahlendorf et al. 2014) . Unlike prior studies, our study uses objective data about performance in different types of measures to report the consistent results and additional others.
Second, thanks to the data opportunity, this study makes the first investigation of targetsetting practices in a multi-measure environment. Our dataset is structured in a hierarchy where multiple performance measures are observed for each business unit (manager) by year. It contrasts to the previous studies' one-on-one matching between a manager and a measure. In particular, the prior research focused solely on target revision for a single financial measure such as profitability (Bol and Lill 2015) , earnings (Indjejikian, Matějka, Merchant, et al. 2014) , and sales (Aranda et al. 2014 ) of which the properties are relatively homogeneous as compared to those for a set of other vastly heterogeneous types of measures in multi-measure systems.
Third, this study responds to Indjejikian et al.'s (2014) call for research on the effect of information asymmetry on the association between previous performance and revised targets.
We add the consistent evidence of asymmetric target revision and partial ratcheting in common measures, while we also document the lack of a principal's commitment to incomplete use of past performance information (i.e., full ratcheting) for new targets in unique measures. With the findings, our study introduces a new moderator associated with information asymmetry and contributes to the recent development in the literature that discusses a moderating effect of relative performance information on target revision (Aranda et al. 2014; Bol and Lill 2015) .
Lastly, our finding of a common measures bias in the decisions made by top management team in a large conglomerate is the first documentation of the phenomenon outside experimental labs and with the real business actors other than undergraduate or MBA students (e.g., Banker et al. 2004; Dilla and Steinbart 2005; Libby et al. 2004; Lipe and Salterio 2000) . This makes the study more relevant.
In the following section, we review the related prior literature and develop research hypotheses. In Section 3, we describe our research setting, focusing on notable features of the research site's target-setting process and short-term incentive plans. Section 4 describes our sample and measures. In Section 5, we present our empirical results including descriptive 5 evidence and tests of hypotheses. Finally, Section 6 summarizes our findings, discusses limitations of our study, and offers future research potentials.
Background and Hypothesis Development
When past performance is used as a benchmark for target-setting, new targets are often ratcheted up for good past performance (Leone and Rock 2002; Weitzman 1980; Milgrom and Roberts 1992) . In this setting, agents may well perceive an upward target revision as a penalty and stop exerting further effort to avoid such an undue penalty for stretched effort exertion, which is an adverse incentive problem known as the "ratchet effect" (Bouwens and Kroos 2011; Laffont and Tirole 1988; Leone and Rock 2002; Murphy 2000) . To address the problem, theory suggests that firms should not fully incorporate information about a manager's productivity revealed in past period performance into the next period's target (Indjejikian and Nanda 2003; Laffont and Tirole 1993; Milgrom and Roberts 1992; Indjejikian and Nanda 1999) . Consistent with the theory, empirical studies have documented the evidence of a principal's commitment to or implicit agreement for, incomplete incorporation of past performance (Indjejikian and Nanda 2002; Indjejikian and Matějka 2006; Aranda et al. 2014; Bol and Lill 2015) . 2 Importantly, in such a dynamic incentive situation, a reliable estimate for an agent's productivity and effort is the key to developing an efficient level of commitment to partial target ratcheting at which agents are fully motivated for stretched targets yet with little ratchet effect (Baron and Besanko 1984; Indjejikian, Matějka, and Schloetzer 2014) . Past performance, however, is an imperfect proxy because it contains measurement errors and exogenous signals that are little attributable to an agent's effort (Banker and Datar 1989; Feltham and Xie 1994) 2 For a full review of the target ratcheting and adverse incentives literature, see Indjejikian, Matějka, and Schloetzer (2014) . 6 and it is prone to an agent's deliberate manipulations (Demski 1998; Holthausen et al. 1995; Ittner et al. 1997; Smith 2002) . The noise or information asymmetry components hinder the principal from evaluating an agent's productivity level accurately and accordingly inhibit an optimal decision on a new target (e.g., Chow et al. 2012; Guidry et al. 1999) . Further, in a multimeasure performance measurement system, measures of different properties involve different degrees of information asymmetry. To the extent, a principal may find past performance information in some measures more useful (i.e., more informative of an agent's effort) than others. This may affect the principal's target setting behaviors.
Discussing performance measure properties, prior literature has supplied theories and evidence for the differential informativeness of performance measures in the contexts of incentive contracting and performance measurement system design. The literature shows consistently that performance measure properties are key inputs in performance measurement system design and some properties make some measures more valuable to principals than others in estimating agents' productivity (Gibbs et al. 2009 ). In particular, the classical agency theory models show that, given the multiple signals about agents, principals place greater weightings on the information in performance measures with greater reliability: specifically, greater precision or less noise (Banker and Datar 1989; Holmström 1979; Ittner et al. 1997) , greater controllable risks (Baker 2002; Prendergast 2002; Raith 2008) , greater congruity or less distortion (Bouwens and Lent 2006; Feltham and Xie 1994) , and less manipulability (Courty and Marschke 2004; Demski et al. 2004; Healy 1985; Holthausen et al. 1995) .
The literature, however, examines only exogenous performance measure properties that determine the principals' decisions over the choice of performance measures in the design of such systems (i.e., weightings on measures). Differently motivated, a few recent studies 7 recognize some principal-side characteristics and contingencies to explain the principals' behavior in using the information in performance measures which are readily included in the measurement system, (e.g., Lipe and Salterio 2000) . Lipe and Salterio (2000) bring the idea of a common measures bias from Slovic and MacPhillamy (1974) to argue that principals are limitedly cognitive understanding the information in unique performance measures and thus adopt simple heuristics (Payne et al. 1993 ) to ignore it. Consistent with the theory, Lipe and Salterio (2000) find that, evaluating performance in common and unique measures, their experiment participants use only common measures and disregard unique measures. Following the introduction of a principal's cognitive limitation in performance evaluation to the literature, several accounting studies have contributed to the line of literature, reporting the bias-mitigating effects of, for example, principals' experience and knowledge (Dilla and Steinbart 2005) , provision of strategy information (Banker et al. 2004; Humphreys and Trotman 2011) , and provision of assurance and accountability requirement (Libby et al. 2004 ).
In sum, the literature suggests that designing or operating performance measurement systems with multiple measures, principals value more (the information content in) the measures with less uncontrollable risk, distortion, and manipulability and with greater agent-controllable risk (Gibbs et al. 2009 ) and those demanding less of a principal's cognitive effort in the process of distinguishing relevant information and the other in a performance measure (Lipe and Salterio 2000) , and vice versa. We attend to some of the properties that are associated with information asymmetry between a principal and agents that may disturb the principal's efficient decisionmaking over performance evaluation and target setting. Among the aforementioned properties, uncontrollable risk is, by definition, beyond both principals' and agents' control, and distortion of incentives is induced by the (inefficient) selection of performance measures. They hardly affect the information environments. To the contrary, controllable risk, manipulability, and cognitive effort have something to do with agents' or principals' deliberate choice of actions surrounding the information asymmetry between the two parties over the course of their use in a system. These properties are associated with both parties' post-design choices and shape different information environments.
In particular, agents would be willing to exploit their informational advantage, withholding the information about their ability to respond to controllable risks and attempting to manipulate performance measures whenever possible (Gibbs et al. 2009 ). Thus, the availability and amount of specific knowledge on their jobs and tasks (Raith 2008; Prendergast 2002) determine the degree of informational advantage. In this paper, we note that common measures can help principals to mitigate the agent's opportunistic, dysfunctional exploitation of information asymmetry and accordingly improve the reliability of information in the measures. It is because some generic performance measures such as return on assets, operating profits, and customer satisfaction are more frequently adopted across business units and consistently over time (Kaplan and Norton 1996; Lipe and Salterio 2000) , and the common measures often make it easier for a principal to compare performance among agents and filter out common transitory changes from others (Banker et al. 2004; Lipe and Salterio 2000) . Further, as a principal participates in the evaluation or discussion of the performance in a measure more often, she gets more knowledgeable of the measure. In the context of performance target setting using past information, such a continuous learning process improves the principals' ability to estimate agents' productivity. Moreover, evaluating the past performance in common measures is less demanding than doing so using unique measures (Lipe and Salterio 2000; MacPhillamy 1974).
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The above discussion suggests that common measures, in general, involve relatively less information asymmetry than unique measures. The differential informativeness or reliability of information content between the two types renders a principal's systematic target revision behaviors to honor the information in the former and to disregard that in the latter. This leads to a reasonable prediction that the principal's commitment to partial ratcheting is meaningful only when she has a reliable estimate of an agent's productivity and she likely (rarely) comes across the reliable estimate when using common (unique) measures. Developing testable hypotheses based on this idea, we attend to two outcome variables: target achievability and target difficulty revision. First, we examine how a principal sets the likelihood of target achievement observing past performance variances. Second, we view performance variances as ex post target difficulty measures and compare them between years to examine a principal's revision of the target difficulty level.
Revision of Target Achievability
In a dynamic incentive context, a principal is keen to keep the agent's continuing effort and therefore commits to partial ratcheting of a target. The target ratcheting literature has consistently documented the principal's stylized behavior to make the commitment, presenting a positive serial correlation in target achievement between years: a greater likelihood of target achievement when a previous target is achieved (Indjejikian and Nanda 2002; Indjejikian and Matějka 2006; Aranda et al. 2014; Bol and Lill 2015) . The serial correlation indicates that principals are rewarding agents for their stretched effort to achieve a target, making more lenient revisions that allow another achievement more likely in the following period. This is not only an ex post reward the favorable variance in the previous period but also an ex ante incentive not to discourage their effort exertion in subsequent periods. In contrast, principals penalize poor performance with an unfavorable variance (i.e., missing a target), setting future targets at least as difficult to achieve as their predecessors.
As illustrated in the prior literature, we expect that a principal's asymmetric response to previous target achievement (i.e., serial correlation of target achievements) exists consistently across types of measures. Extending the discussion, we make a further claim about the differential information asymmetry in performance measures as a moderating factor on the principal's choice over target achievability. In particular, we predict that if a principal values the information about the amount of extra effort (i.e., the size of a positive variance), as opposed to its presence per se (i.e., whether a target having been achieved), a marginal unit of a positive performance variance contributes to the increase of the likelihood of target achievement in a subsequent period. Otherwise, the size (or a marginal unit) of a performance variance hardly accounts for the likelihood of target achievement. This leads to the following pair of hypotheses. 
H1a

Revision of Target Difficulty
We also examine the extent to which performance variances in a period affect the revision of the difficulty of a target in the following period.
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For the second pair of hypotheses,
To capture the target difficulty revision, we difference the performance relative to targets (PRT) in a measure between consecutive years, or PRT t -PRT t-1 . A PRT is a plausible ex post difficulty measure that represents how difficult a target actually was (i.e., a large PRT for a higher degree of target easiness). Thus, an increase (decrease) of a PRT from a year to another suggests that a target becomes easier (more difficult). The use of the scalar measure, as opposed to a dichotomous indicator as in H1, brings greater scrutiny to the measurement of the effects on the principal's behavior. Conceptually, the approach is similar to that of Mahlendorf et al.'s (2014) "real target revision." still at the core of our discussion is a principal's asymmetric response to the previous performance. Also, we continue to argue that a marginal unit of a favorable variance in common measures corresponds better to an additional unit of an agent's effort than that in unique measures. In particular, honoring each marginal unit of favorable variances in common measures, a principal opts to commit to partial ratcheting or partial reversal of a past variance.
Inversely, the principal finds the past performance information in unique measures less informative than that in common ones and attempts to reverse larger (or even the entire) part of the previous favorable variance in the former than in the latter. This results in a smaller upward target difficulty revision for positive variances in common measures than in unique measures. On the other hand, an unfavorable variance in both types is little informative of an agent's effort.
Thus, negative performance variances would incur no downward target difficulty revision for both types of measures.
H2a: The degree of upward adjustment in target difficulty for a past positive performance variance in common measures is smaller than that in unique measures.
H2b: The degree of downward adjustment in target difficulty for a past negative performance variance is not different between common and unique measures.
Research Setting
Our research site is a large conglomerate based in South Korea, which we will refer to as KC (short for Korean Conglomerate). KC is a huge conglomerate governing approximately 40 companies, as of 2010, in a variety of industries including electronics, chemicals, and telecommunications. KC's overall annual sales in 2010 is well over USD 100 billion, and its employees are over 200,000 worldwide.
KC's management control system has been developed to facilitate decentralized control.
It is characterized as follows. First, despite the high latitude of autonomy granted to business units, they are arranged in a strict hierarchy. Second, budgets and management-by-objectives (MBO) constitute important components of KC's management control system, and affect managers' incentives and behaviors to a great extent. The primary goal of KC's performance evaluation system is to secure fairness and objectivity of evaluations and to provide its managers with differential compensations corresponding to their performance.
Budgeting and Target-Setting Reviews
KC's annual planning (i.e., budgeting and target-setting) process begins when business units prepare and submit their budgets and performance targets. After the initial submission, the targets are evaluated and modified through communications up and down the hierarchy.
Before the budgets and targets are finalized, KC's in-house consulting organization is actively involved in budget evaluations, supporting the KC's top management as necessary.
These consultants assist the conglomerate-level management's decisions by collecting and providing information about the various businesses and industries and, as a result, reduce the information asymmetry between managers at different organization levels (i.e., KC top management and business unit managers). Top management is expected to have as nearly as good, but certainly not as complete, local knowledge as the business unit managers.
Because of the low information asymmetry, the business unit managers are less able to build huge slack in their budgets and targets as compared otherwise. Accordingly, managers are pressured to bring up reasonable targets to satisfy these consulting experts and ultimately their supervising managers at a higher-organization level. In developing their targets, managers often base their estimates of future performance on the past performance. They well understand that targets below past performance levels are rarely approved. This is consistent with a way to set a performance standard in a reasonably objective manner, as described by Milgrom and Roberts 13 (1992, 233) . Once finalized, the budgets and targets are rarely renegotiated, except in extraordinary situations such as a natural disaster or a severe, unforeseen recessionary shock.
The Incentive Structure KC maintains two separate incentive programs: short-term and long-term. The short-term incentive plan (STIP) has been in place long before the beginning of our earliest sample period -
Evaluation Scheme
Performance evaluations are based on both target achievement, or performance relative to target (i.e., actual/target), and performance relative to peers or, if peers do not exist, relative to prior period performance. Target achievement, for each defined performance measure is 14 converted into the three-level evaluation ratings of Overachieved, Achieved, or Missed. Relative performance to peers or previous periods is rated as Outstanding, Par, or Below Standard.
For each performance measure, the ratings are multipled together to create an overall rating on a nine-point scale. Then, scores are weight-averaged within each category (i.e., summary financial measures and KPIs). The evaluation score in each performance dimension produces a five-point scale grades (S, 4 A, B, C, or D). The grades in both dimensions are used to define the bonus amounts to be paid to each manager. For example, executives who receive S grades in both dimensions earn an annual bonus of ten times their monthly salary (i.e., 500% from each criterion) while those with D grades in both dimensions earn no short-term bonus.
Research Design
Data
We conduct our analysis using a set of data about business unit managers' annual These observations are excluded from the sample as the main analysis of this research involves serial correlations from year to year. From the observations available for at least two consecutive years, we remove 292 measure-years that are the first-time observations in a respective measureyear series. Finally, to mitigate the effects of huge outliers, we eliminate 69 observations that are 4 S is for Superior.
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in the 5% at both ends in the size of target difficulty revision: i.e., PRTt-PRTt-1 less than -0.6347 or greater than 0.7185. As a result, the final dataset includes 607 observations, each of which is provided with all necessary, relevant information for subsequent multivariate analyses of the inter-temporal target revision. Table 1 about here.
Measures
Performance Relative to Target (PRT) and Variance. Performance-relative-to-target (PRT) is computed as the ratio of actual performance relative to a target denoted in a contracted measure, written as actual performanceit /targetit. Herein, i represents a performance measure used in STIP, t denotes a year. Then, performance variance (Varianceit) is computed as PRTit -1.
Target Achievement and Extraordinary Performance. For performance targets of
which Variance is greater than or equal to zero, an indicator variable DAchievedt (DMissedt) is assigned one (zero) and zero (one) otherwise. In addition, excess positive or negative performance refers to as a performance variance greater than 0.2 in the absolute value (i.e., |Variances| ≥ 0.2); or PRT that exceeds (falls below) 1.2 (0.8) of a target level. Observations of extraordinary performance are not extreme observations or outliers. Extraordinary performance in this paper refers to the performance outside the ±0.2 variance range where approximately 70% of our observations are populated. We see that the range generally accords with the commonsensible definition of normal performance.
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with PRT of 120% (or Variance of 0.2), for example, indicates not only that actual performance exceeds the target by 20% but also that meeting the target is relatively easier to achieve than another performance target with, for example, PRT of 105% or 95% (or Variance of 0.05 or -0.05). We compare PRTs between years to understand how target difficulties are revised.
Specifically, the change in the target difficulties is measured as PRTt-PRTt-1. As a result, a positive (negative) value indicates an easier (more difficult) target as compared with the previous target.
Performance Measure Types. The KC's STIP utilizes diverse performance measures of different attributes. In order to deal with this diversity, we sort performance measures into common and unique (or less common) (e.g., Lipe & Salterio, 2000) based on the relative frequency of adoption. The classification is intuitively appealing: unique measures are either specific to business units (i.e., literally "unique") or less frequently used, while common measures are those adopted more frequently than the others. In particular, we first consider performance measures that are customized and specific to business units. For example, production capacity for a certain line of product and the degree of supplier diversification are used in a single or only a few business units. The identification strategy finds 243 unique measure-years out of total 1,208. In addition, we consider relatively less frequently used measures as unique. Specifically, we compute the median frequency of adoption excluding the previously identified 243 business unit specific, unique measures: 62 times for market share measures. Then, we classify the measures adopted more or equally frequently than 62 times as common measures. They include profit (adopted 255 times; for the following measures, the figures in parentheses represent their respective adoption frequencies), sales (163), business composition (111), KC's employee survey results (132), customer satisfaction (86), and market share (62). Accordingly, the less frequently adopted measures-business initiatives (38), human resource management (35), research and development (33), brand recognition (31), and cost management (19)-are classified as unique measures. This process identifies additional 156 measure-years. In total, we identify 399 unique-measure-years and 809 common-measure-years. Table 2 summarizes the classification of performance measures. Table 2 about here. during the sample period, both the means and the medians are close to or slightly greater than one. For the full sample, the mean of PRT is 1.086 while its median (1.011) is slightly above one. The targets are generally more likely to be achieved than not; on average, 59.1% of targets are achieved. Table 3 about here. Table 3 and Figure 2 report abnormality in the frequency distribution of actual performance relative to a benchmark. In particular, we find a substantial divergence of the frequencies of PRT immediately below and above the target level for all types of measures. In the figure, the frequency distributions have a deep pit immediately below a target level (i.e., 100%) and, in contrast, the highest peak immediately above the target level. The discontinuity at a benchmark has been documented as evidence of a managers' strong incentive to achieve a target (Burgstahler and Chuk 2013; Burgstahler and Dichev 1997; Burgstahler and Eames 2006; Degeorge et al. 1999; Hayn 1995; Indjejikian, Matějka, Merchant, et al. 2014) . It is of little surprise that such incentives are expected under the KC's incentive plan. In particular, KC managers can maximize the size of a bonus under KC's STIP by meeting the targets in all 19 performance measures in the plan. Once meeting a target, they have no reason to generate large positive variances that do not contribute to the bonus in the current period but will only result in more difficult performance targets in the following period.
Empirical Results
Descriptive Statistics
While the discontinuity at the benchmark performance exists consistently in all measure types, we note the degree of discontinuity is more salient in unique measures as compared to that in common measures. Meeting unique measure targets by less than a 1%-point margin (i.e., 0~1% Variance) is 8.5 times more likely than missing them by the margin (14.79% vs. 1.75%), while the difference is only 4.6 times for common measure targets (5.69% vs. 1.24%). This is consistent between 0~5% and -5~0%: 2.7 (24.56% vs. 9.02%) and 1.6 times (18.29% vs.
11.25%) for unique and common measures respectively. More importantly, we find the discrepancy in the degree of discontinuity is mainly due to the greater likelihood of unique measure targets being just-met with a small marginal performance variance than common measure targets. Notably, the probability of missing targets in unique measures (1.75%) by less than a 1%-point margin is not different from that in common measures (1.24%) (∆=0.52%, p=0.472). On the contrary, the likelihood of PRT in unique measures falling in the 0~1% interval is 14.79% which is significantly higher than 5.69% for common measures (∆=9.10%, p<0.000).
All in all, the descriptive statistics of PRT in Table 3 (Panels B and C) and Figure 2 provide support for our assumption about the differential characteristics between unique and common measures. We find that the mean and the median of PRT do not differ; its standard deviation is significantly smaller for unique measures; the likelihood of achievement is significantly greater for unique measures; and the likelihood of meeting targets by a small margin is significantly larger for unique measures. These findings are compatible with the 20 argument that unique measures are associated with a greater degree of information asymmetry, performance manipulability, and controllable risk than common measures. Table 4 shows the inter-temporal relationships of performance variances between two consecutive years. The table is constructed as a stochastic matrix (also known as Markov matrix) where each cell presents the transition probability from one performance partition to another in a following period (Variancet=j).
Transition Probabilities
7, 8 --------------------------------------
Insert Table 4 about here.
--------------------------------------
Serial correlations of performance between consecutive years, as shown in prior literature (e.g., Aranda et al., 2014; Indjejikian and Nanda, 2002; Indjejikian et al., 2014a) , are manifested as high probabilities along the shaded cells on the diagonal from the bottom left to the top right.
Indeed, we see that some high probabilities are located along the diagonal. However, the linear relationship seems not evident in the table because many high probabilities (bold-faced and marked with a spade, ♠) lie off the diagonal line as well. For example, the highest probabilities in the -20~-10% and 40~50% rows are 26.9% and 30.0% which are located off the diagonal. Both are in the 0~10% column.
Column Similar provides the probability of the current period's variance (Variancet) being similar to the previous period's variance (Variancet-1). 9 Again, a serial correlation of 7 It is a conditional probability denoted as Pr(Variancet=j|Variancet-1=i) where t represents time, and i and j represent a variance partition which each period's variance falls in. Thus, ∑ Pr | 1 .
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For example, the cell where the 0~10% row (Variance t-1 ) intersects with the 0~10% column (Variance t ) is 43.6; this indicates that conditional on that Variancet-1 is between 0% and 10%, the probability of Variancet ending up in the same performance partition is 43.6%. 9 We define similar performance as Variance t being in any of three neighboring variance partitions centering the previous' period's variance partition: so to speak, Pr(Variance t =j|Variance t-1 =i) for i and j such that i-1 ≤ j ≤i+1.
performance would have resulted in high probabilities along the diagonal and, hence, corresponding high values across the cells in this column, which is not the case. Instead, the transition probabilities of having similar variances between two years are high only in the middle Variancet-1 partitions from -10 to 20% (bold-faced). They are 71.9%, 72.1%, and 69.1% respectively, which are substantially higher than the conditional probabilities in the other rows in the column. The finding suggests that a serial correlation of performance exists only within the -10~20% range.
Column Achieved is the probability of the current target's being achieved conditional on Variancet-1. The achievability is significantly higher for previously achieved ones (bold-faced) than for missed ones at the 1% level. This suggests an asymmetric target revision for previous performance above or below targets. Table 4 , we present the unconditional probabilities of performance levels (Row Total). This row that, regardless of the previous variance in a measure, it is most likely that performance variance sits in the 0~10% range (31.7%). It is followed by -10~0% (18.9%), 10~20% (11.3%), and -20~-10% (9.6%). In fact, the unconditional probability of performance falling within the -20~20% range sums to 71.44% overall (bold-faced). Moreover, the performance interval covers 72.68% and 69.74% of the observations with positive and negative performance variances respectively, which generally complies with our conventional wisdom criterion for normal performance. The finding forms a basis for our separation between normal versus excess performance at the ±20% cut-off points.
At the bottom of
Overall, transition probabilities and related statistics in Table 4 show (a) that the likelihoods of target achievement in a measure between years are serially correlated, and (b) that the performance levels are also serially correlated, but they fall only within a moderate performance range. Table 5 presents correlations between key variables. It shows that target achievability (DAchievedt) is positively associated with a previous period's performance (Variancet-1) and an excess positive variance (DPExt-1) and negatively with previously missing targets (DMissedt-1). It also shows that a current period's performance (Variancet) is positively associated with a previous period's performance (Variancet-1) and an excess positive variance (DPExt-1), while it is negatively associated with previously missing targets (DMissedt-1) and an excess negative variance (DNExt-1). Following Indjejikian and Nanda (2002), we interpret the findings as the evidence of firms' asymmetric commitment to ratcheting-type target revision. Interestingly, target difficulty revision (Revisiont) is negatively associated with Variancet-1 and DPExt-1 and positively with DMissedt-1 and DNExt-1. These univariate results show serial correlations of target achievements and performance variances, but they also indicate that good performance leads to more difficult targets, whereas poor performance leads to less difficult ones.
Correlations
--------------------------------------
Insert Table 5 about here.
Multivariate Analysis: Target Achievability Revision
To examine the serial correlation of the likelihoods of target achievement between years, we use the following logit regression model:
Our variables of interest are target achievement (DAchievedt-1), performance variance in the previous period (Variancet-1), and their interaction term. We also include the importance weight of a performance measure (Weight
10
). All regression models include year and business unit fixed effects (DYear and DBU) to control for common macro-economic factors and business unit wide shocks. With the target achievement model (M1), we test how the type of performance measures interacts with performance levels to affect a principal's inferences regarding agents' effort exertion and subsequent target revision. p=0.094) and that it is, in addition, associated with the size of a positive performance variance (OR3=2,504.976, p=0.071). They suggest that target achievement in the last period makes the current period's target almost two times more likely achieved and an incremental 1% of positive variance in the last period increases the odds of target achievement by 25 times. Table 6 about here.
--------------------------------------Insert
Importance weights on performance measures contributing to bonus calculation are provided as part of dataset. They are grouped into three categories with numerical labels such that High, Medium, and Low importance weight measures carry three, two, and one respectively. The groups are split at 15% (between High and Medium) and 8% (between Medium and Low).
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OR stands for odds ratio. 
Validating the Inferences from the Interaction Term
As we include an interaction term in a nonlinear model, the statistical significance of the interaction may not allow for a correct interpretation (Ai and Norton 2003; Brambor et al. 2006 ).
To address the concern, we take three alternative approaches to understand the effects of the interaction term. First, we run alternative regression models that replace the interaction term with a quadratic term of Variancet-1. This is a conventional approach to deal with curvilinearity (Osborne 2014) . The untabulated results from the quadratic term models carry implications strongly consistent with the results in Table 6 . 12 The estimated probability of target achievement is analyzed with the "margins" command in STATA.
25
Second, we partition the full sample into subsamples of the combinations of performance measures and performance levels and run regressions separately.
13
In addition to the division in performance measures, we partition the observations into normal and excess performance, which results in four groups of variances: (a) Excess(-): less than -20%, (b) Normal(-):-20~0%, (c) Normal(+): 0~20%, and (d) Excess(+): greater than 20%. This is the most conservative way to test our hypotheses that involve interaction effects. In Table 7 , Panel A (Panel B) compares the results between common and unique measures. In particular, the odds ratio on Variancet-1 with normal negative variances is insignificant in both common and unique measure models (C2 and U2). However, we find that the odds ratio on Variancet-1 is significant and greater than one in the models with normal positive variance observations in common measures (C3), but it is not in unique measures (U3). The results provide additional strong support for H1a and H1b. On the other hand, the constant odd ratios in the models for positive normal variances in unique measures (U3) are significantly larger than one (OR0=10.939, p=0.038) while that in the common measure model is not different from one. The finding supports H1b.
--------------------------------------
Insert Table 7 about here.
Lastly, we follow Williams (2012) to examine the predicted values for interpretation of the results. Specifically, we compute the adjusted predictions at representative values (APR) and visualize them in Figure 3 . Each graph refers to the estimation for a respective measure-type subsample and corresponds to each column in Table 6 . In the figure, the slope of a line below zero variance represents the effect of Variance for the performance range (β2) while the 13 The business unit fixed effects are suppressed because of the small size of each subsample.
differential in the slopes, if any, would suggest the interaction effect between Achievement and
Variance (β3). Overall, Figure 3 validates the statistical findings in Tables 6 and 7. -
Multivariate Analysis: Target Difficulty Revision
In this section, we examine how performance variances affect the difficulty level of targets in the following period as compared with that of previous targets and how the relationships vary in performance measures of different types. In particular, we regress target difficulty revision (PRTi,t-PRTi,t-1) on performance variance in a prior year (Variancei,t-1), indicators of performance partitions (DMissedi,t-1, DPExi,t-1, and DNExi,t-1), an importance weight (Weighti,t), an indicator for common measures (DComi), and interaction terms of all these variables with Variancei,t-1 as follows:
We include year and business unit dummies (DYear and DBU) to control for crosssectional correlations across business units in each year and for business unit wide effects. The regression parameters are estimated using the Feasible Generalized Least Squares (FGLS) method to address heteroskedasticity and auto-correlations between observations.
As a negative (positive) Revision indicates a more difficulty (easier) new target, a negative β1 would indicate that a positive performance variance leads to a more difficult target in the following period: i.e., "target ratcheting." A β1 (β1+β8) of minus one indicates full upward 27 adjustment by which a new target in unique (common) measures completely reverses any previous positive variance. A zero loaded on β1 indicates no adjustment or keeping a new target in unique measures exactly as achievable as the previous one as long as the previous target has been achieved. On the other hand, combined with the indicator for missed targets (DMissed), the sum of coefficients (β1+β3) represents the degree of target difficulty revision for previously missed unique measure targets. Thus, β1+β3 of minus one (zero) indicates full (no) downward target difficulty adjustment for negative variances. In the similar vein, the ratcheting for normal positive (negative) variances for common measures can be captured with β1+β8 (β1+β3+β8+β10).
In Table 8 The results show that β8 is positive and significant (β8=0.446, p=0.005), which supports H2a-smaller upward target difficulty revision for common measures than for unique measures. For negative variances, we find β8+β10 is -0.457 which is not statistically significant at the 10% level 14 The difference is to subtract the (sum of) coefficient(s) for common measures from those for unique measures. In particular, for positive variances the difference is β 8 (=β 1 +β 8 -β 1 ) and for negative variances it is β 8 +β 10 (=β 1 +β 3 +β 8 +β 10 -(β 1 +β 3 )).
28
(p=0.113). The result supports H2b-little difference in a downward target difficulty revision for previously missed targets between common and unique measures. Table 8 about here. -------------------------------------- 
Tests with Partitioned Subsamples
Finally, we run regressions separately for subsamples of different performance measures, discarding the interaction terms. Table 9 presents the results of model estimation in Panel A and tests of coefficients in Panel B. The results generally confirm the findings in Table 8 , showing the clear contrasts in target revision behaviors between performance measure types. First, the results demonstrate the differential target revision behavior responding to positive variances in different measure types. β1 for common measures is -0.420 and significantly different from minus one (p<0.000). In contrast, β1 for unique measures (-0.977) is not different from minus one (p=0.892). The findings show that β1 for common measures is larger than that for unique measures; that is, when a previous target is exceeded, subsequent upward adjustment of target difficulty in common measures is smaller, or less severe, than that in unique measures. Thus, H2a is supported. Further, the results suggest that the positive variances in common measures are only partly removed in a following period (i.e., incomplete target ratcheting) while those in unique measures are completely reversed (i.e., full ratcheting). Table 9 about here.
Second, target revision for normal negative variances in common measures is smaller than minus one (β1+β3=-1.225, p=0.100), while that in unique measures (β1+β3=-0.204) is statistically greater than minus one (p=0.005) and not different from zero (p=0.475, untabulated).
The results suggest that downward target difficulty adjustment for negative variances in common 29 measures is more than enough to recover fully from a previous negative variance. However, for unique measures downward adjustment is minimal, if not non-existent, which indicates a penalty. Altogether, the finding rejects H2b.
Conclusion
We hypothesize and test whether the type of performance measures affects ratchetingtype target-setting behaviors. To this end, we sort the types of performance measures, run two rounds of multivariate analyses for target achievement (Model 1) and target difficulty revision (Model 2), and find the following. Second, our analysis of managers' downward revisions for normal negative variances displays contrasts between measure types. In particular, for common measures, in contrast with partial upward revision in target difficulty for normal positive variances, the firm makes full (even larger) downward revisions for normal negative variances in common measures, maintaining target difficulty at conventional levels. On the other hand, for unique measures, we find that the conglomerate requires a new target as difficult as the previous one. This can be interpreted such that the firm understands potentially large performance slack in unique measures (i.e., greater information asymmetry, manipulability, and controllable risk) and penalizes poor performance in the measures with little or incomplete downward adjustment in target difficulty.
Despite these interesting and evident findings, it must be acknowledged that our study is subject to limitations. First, our data are from practically one large conglomerate. The data are 
Examples of Performance Measures
Figure 2 Distribution of Performance Relative to Target
Solid lines indicate probability density functions of a normal distribution with the mean and the standard deviation of each performance measure group, while dashed lines represent kernel density estimation. The bin width for "All measures" is 0.01 (i.e., 1%) of performance relative to target (PRT) while those for the others are 0.02 (2%). Vertical auxiliary lines indicate 1 (100%), 1.1 (110%), and 1.2 (120%) of PRT respectively. Table 4 presents the transition probability for the full sample (N=1,208). Units are per cent.
All measures
♠ indicates the largest transition probability in each row. a. The proportion of performance measure items of which the performance at year t is achieved at a similar level as year t-1. We define similar performance as
Variancet being in any of three neighboring Variance partitions centering the previous' period's Variance partition-tinted cells: so to speak, Pr(Variance t=j | Variance t-1 =i) for i and j such that i-1 ≤ j ≤i+1. b. The proportion of performance measure items of which Variance t is greater than or equal to zero (i.e., Pr(Variance t ≥ 100 | Variance t-1 )). c. The proportion of performance measure items of which the performance at year t-1 is not available (i.e., the measure is adopted first time). *, **, *** indicate significance at the 10, 5, and 1 percent two-tailed confidence level respectively. † indicates significance at the 10 percent one-tailed confidence level. The table presents the odds ratios. Clustered robust standard errors are provided in parentheses. All the models include year fixed effects. M is for million. Variancet is the performance variance as compared with a target in year t: (Actual Performance t /Target t )-1, or PRT t -1. Weightt categorizes the importance weight of a performance measure into Low (less than 7.5%), Medium (between 8% and 12.5%,) and High (greater than 15%). a. The regression coefficients for Models N4 and U4 cannot be estimated because of perfect prediction. *, **, *** indicate significance at the 10, 5, and 1 percent two-tailed confidence level respectively. † p=0.113. Panel A presents the odds ratios. The standard errors are estimated with the Feasible Generalized Least Squares (FGLS) method that addresses heteroskedasticity and auto-correlation between the panel observations. All the models include year and business unit fixed effects. Panel B presents the sum of coefficients and the respective test result as indicated. Chi 2 statistic is presented in the parenthesis. Variancet is the performance variance as compared with a target in year t: (Actual Performance t /Target t )-1, or PRT t -1. DMissedt-1 is an indicator variable; 1 if the target of a performance measure is not achieved in the previous year (i.e., year t-1) and 0 otherwise. DPEx t-1 is an indicator variable; 1 if the target of a performance measure is achieved with PRT greater than 120% in the previous year and 0 otherwise. DNEx t-1 is an indicator variable; 1 if the target of a performance measure is underachieved with PRT less than 80% in the previous year and 0 otherwise. DCom is an indicator for a common measure. Weightt categorizes the importance weight of a performance measure into Low (less than 7.5%), Medium (between 8% and 12.5%,) and High (greater than 15%). *, **, *** indicate significance at the 10, 5, and 1 percent two-tailed confidence level respectively. Panel A presents the odds ratios. The standard errors are estimated with the Feasible Generalized Least Squares (FGLS) method that addresses heteroskedasticity and auto-correlation between the panel observations. All the models include year and business unit fixed effects. Panel B presents the sum of coefficients and the respective test result as indicated. Chi 2 statistic is presented in the parenthesis. Variancet is the performance variance as compared with a target in year t: (Actual Performance t /Target t )-1, or PRT t -1. DMissedt-1 is an indicator variable; 1 if the target of a performance measure is not achieved in the previous year (i.e., year t-1) and 0 otherwise. DPEx t-1 is an indicator variable; 1 if the target of a performance measure is achieved with PRT greater than 1.2 in the previous year and 0 otherwise. DNEx t-1 is an indicator variable; 1 if the target of a performance measure is underachieved with PRT less than 0.8 in the previous year and 0 otherwise. DCom is an indicator for a common measure. Weightt categorizes the importance weight of a performance measure into Low (less than 7.5%), Medium (between 8% and 12.5%,) and High (greater than 15%).
